Abstract: Social-aware routing in delay-tolerant networks (DTNs) are a recent emerging technology that addresses intermittent connection issues, and has the potential to better support context-aware ubiquitous learning and create a social learning community without the infrastructure. This study proposes a novel social-based routing protocol called the Social Relation Opportunistic Routing (SROR) algorithm for mobile opportunistic networks, based on the three properties of social relations, social profiles, and social mobility patterns. The time complexity of finding an optimal routing solution is NP-Complete. Thus, our objective is to compute the optimal relay node for routing the data so that the delivery ratio is maximised heuristically. We demonstrate that the SROR algorithm outperforms the existing benchmark routing protocols and achieves the highest data delivery ratio with maximised routing efficiency under the dynamic social environments. With this advanced technology, an authentic and seamless context-aware ubiquitous learning environment can be realised and supported in the future. 
Introduction
the communication range), personal interest (e.g., playing basketball, listening to jazz music) and social relationships (e.g., friends, siblings) can be used as decision-making criteria for designing more realistic routing algorithms in DTNs, using this awareness of social characteristics. The relatively high stability of the long-term social behaviour of mobile users has led to increased interest in these characteristics from the research community (Rothfus et al., 2013; Sermpezis and Spyropoulos, 2015; Xia et al., 2016) . The prediction of mobility and the selection of forwarding/relay nodes has also become more realistic and accurate (Bulut et al., 2009; Cabaniss and Madria, 2014) .
The following real-life example can help us understand how social behaviour may support routing protocol design. Bob is an undergraduate student living in a dormitory with his roommate John. He has a regular weekday schedule, in which he goes to the college algebra class and the drama class from 09:00 to 12:00 and 14:00 to 16:00 respectively. He usually goes to the student canteen for lunch between 13:00 and 14:00, and has basketball practice in the gym between 17:00 and 18:00, and then he stays around the dormitory area to have dinner, study and do homework from 19:00 to 22:00 before going to bed. The times between these blocks are for travel and relaxation without a fixed location. Suppose Alice wants to relay delay tolerant data to John, it is possible that the data can be relayed via mobile devices through Bob's social group who will eventually meet John sometime during the day. Thus, the potential relay nodes identified after a comprehensive analysis of the social properties could be strangers who share the same traveling pattern in their schedules, classmates in the algebra or drama classes, friends in the basketball team, and students living in or near the dormitory. As shown in Figure 1 , users sharing the same interests or who are related (with the same colours) may meet each other in the same community at a future instance, although they are currently disconnected. In this paper, we propose the Social Relation Opportunistic Routing (SROR) algorithm, which aims to extract the contextual information of social properties from mobile users, namely social relations, social profiles, and social mobility patterns, to solve the opportunistic routing problem so that the data delivery probability from the source node to the destination node is maximised in delay-tolerant mobile opportunistic networks. With this new algorithmic design, the routing performance is expected to be significantly improved when social properties as the contextual information can be considered available, with the advantages of cross-layer benefits in the networks Zhu et al., 2013) . This routing approach, using social relation characteristics from the real world, remains a challenging problem requiring further investigations with different approaches (Khabbaz et al., 2012; Zhu et al., 2013) . The development of this socialaware routing technology will in turn contribute to the development of a seamless smart learning environment, which is context-aware and sensitive to the learner's current situation or the contexts of the real-world environment at the location of the learner (Bardram and Hansen, 2010; Hwang, 2014) , without being limited by the constraints of a wireless network infrastructure. Our key contributions can be summarised as follows:
 We investigate how the three properties social relations, social profiles and social mobility patterns, can help design a social-aware routing algorithm for mobile opportunistic networks. We then define a set of social profiles of mobile nodes, which can be used in the relay node selection in the algorithm.
 We model the probabilistic social mobility pattern for capturing the dynamic changes with respect to spatio-temporal social characteristics, and present the SROR algorithm to use the social properties to route the data in the intermittent connected networks.
 We evaluate the performance of the algorithm using the delivery probability and the dropping probability to verify the adaptability of our algorithm compared with the benchmark algorithms, such as Prophet (Lindgren et al., 2013) , SimBet (Daly and Haahr, 2007) , Fresh (Dubois-Ferriere et al., 2003) and the Social Pressure Method (Li et al., 2013) .
 Based on the results, we extend the performance evaluation to illustrate our SROR algorithm in a dynamic environment with different parameters such as the size of the community and the number of social profiles. The experimental results demonstrate that our algorithm outperforms all others with similar objectives, and achieves the highest data delivery ratio.
 The technical contribution of the protocols could have a real impact on contextaware ubiquitous learning with our implementation framework.
The remainder of this paper is organised as follows. Section 2 presents the literature review of related works and a comprehensive summary of the most recent. Sections 3 and 4 present the network model, the problem formulation and the description of the SROR algorithm. In Section 5, we describe the performance evaluation and experimental results from the technical perspective. The implementation framework of the protocols in the application of context-aware ubiquitous learning is also discussed in this section. The paper is concluded in Section 6.
Related work in social aware routing
Social-aware routing in DTNs is an emerging and active research area, and the numerous researchers have considered different approaches to solving the challenging issues in their preliminary works (Abdelkader et al., 2013; Deng et al., 2013; Hui et al., 2011; Li et al., 2013; Wu and Wang, 2012) . Technically, the extra information at the application layer can be passed across other layers such as the network or data link layer, so that the efficiency of routing or scheduling can be enhanced. Numerous theoretical and empirical analyses have been conducted, taking advantage of social behavioural structure and predictions to help improve the system performance (Alim et al., 2016; Helgason et al., 2014; Mordacchini et al., 2015) . These works consider social patterns and features such as mobility to improve the efficiency of routing decisions and performance, and more recent works have laid the foundations for our current study. Zhu et al. (2014) propose a social-and mobile-aware routing strategy (SMART), which is a distributed community partitioning algorithm that divides the network into smaller communities based on user locations and interaction patterns. A decayed routing metric is used to calculate the social similarity and social centrality for intra-community communication, which enables efficient forwarding node selection and also avoids blind spots and dead-end problems. introduce a similar concept, which has inspired our current work, proposing metrics by taking both frequency and duration of contacts to form a social graph. Distributed algorithms are then developed based on the obtained graph, such that the overlapping communities and bridge nodes can be dynamically detected in runtime. This is found to have better performance than other methods in terms of selecting the forwarding nodes, and thus delivering the message with better normalised average delay and overhead ratio.
The system design and performance using social routing has recently been significantly improved, and different evaluations have been conducted. For example, study the load balancing issue in social routing queue length control, and designed the Load Balanced Social-Tie Routing (LBR) strategy, which allows the forwarding of messages to be prioritised to network nodes that have a stronger social tie to the destination and a smaller or similar queue length. also study the fairness and throughput optimisation problem by replicating the decision based on the delivery probability for the path decision. The delivery ratio and the delay is evaluated in the work. Patel and Gondaliya (2015) consider how to use a social cognitive heuristic for data dissemination, while Socievole et al. (2015) build a multi-layer social network model based on centrality, community structure, tie strength, and link prediction in social networks for communication, similar to the work by Viet et al. (2015) . These studies demonstrate that social routing is an active research area.
Based on these works, Wei et al. (2015) propose the use of small-world properties to design the principles of relay node selection, which limits the number of relays in finding the appropriate relay nodes to maximise the delivery probability, while minimising the number of nodes and the energy consumption. Alim et al. (2016) consider the assessment of structural vulnerability of social grouping in these protocols, and Xia et al. (2016) attempt to design a Proximity-Interest-Social (PIS) protocol to utilise a time slot management mechanism that maximises the delivery probability. However, these studies only investigate the various aspects of the socially aware routing, and they have not fully addressed the potential of distributed routing protocols by including other available social relations information, such as social profiles, relations, interests, and characteristics, as indicated in a recent survey paper . To contribute to this area of social routing research, we focus on investigating how three social properties, social relations, social profiles, and social mobility patterns, can help design a simple but novel socialaware routing algorithm for mobile opportunistic networks.
Network model and problem formulation
In this section, we present the system model, notation and problem definition of social routing in mobile opportunistic networks. Our network system model consists of three main components: a social relations model, a social mobility model and social profiles. After discussing the model, we present the problem formulation statement.
Social relations model
Consider mobile opportunistic networks in which no communication infrastructure is supported. Each mobile node uses an ad hoc mode for data communication, and we assume that no node is connected to the internet. In our study, social relations are defined as socially connected relationships in the network model, and can be modelled as a social graph and a network graph. We define these two graphs as follows. Let ) , ( E V G  be the social graph, an undirected unweighted graph that indicates a social community in which mobile users socialise with each other on a daily basis. V is the set of vertices (nodes) and E is the set of edges (relations) in the social graph. V indicates the mobile user n and E indicates the static social relationship e .
In the graph each node represents a mobile user carrying a personal mobile device, which is assumed to have the same transmission range as others in the community. Each link represents a social relation between two mobile nodes. For example, there will be a link in the graph between two nodes if they are teacher and student. Each node can have multiple relations, with others depending on the stored information allowed at the system level. This relation can only be claimed through the input of the mobile users to the system, as the system itself cannot determine the social relations of the mobile users in the real world. It is not necessary to weight the quality of each relation numerically, so the unweighted link is adopted in this social graph model. Note that this social graph is relatively static over a long period, as social relations do not usually change quickly (e.g., sibling, friends).
, which is a subset of G , denotes the physical region in which the mobile users connect wirelessly. ) (t C possesses all of the graph properties of G , in which the topology is changed over time. All of the nodes are assumed to belong to one single community in ) (t C , although it is possible that there is more than one connection established from a node to others concurrently. The node n in
depends on the temporal parameter t , where different values of t give different topologies of social communities, which depends on the dynamics of node movements. Note that 1,...,
, which is the union of all ) (t C communities.
Unlike the social graph model, the network connectivity between each node in these social communities can be changed over time, due to mobile users' movements and changes in their physical location. It is literally a network graph, in which the existence of a link between two nodes denotes wireless connectivity. Indeed, this network graph indicates which nodes can communicate directly with each other at time t, and it can be changed from time 1   t t due to the movement of nodes from one social community to another one with a certain probability (e.g., from the office to the cafeteria during a lunch hour, or when looking for a new lab without knowing the exact direction). Hence, these two graphs form the basic social relations between nodes, and are to be implemented in the SROR algorithm.
Social mobility model
Networks are defined in sociology as demonstrating a high degree of transitivity in many aspects (Wei et al., 2015) . If people share common interests in their profiles, they have a higher probability of encountering or associating with each other sometime in the future (Xie et al., 2011) . Thus, we base the social mobility pattern in our study on the homogeneous semi-Markov process. This assumption is sensible, because a person who visits one location will not necessarily travel to the next location, although it is possible to a certain extent. Suppose that the social community ) (t C is represented by a state of a Markov chain. The movement of each node from one community to another illustrates the Markovian memoryless property. That means that the probability of node movement from one community to another is independent of the probability of being in the previous community. Thus, the process of a node movement can be defined as a discrete-time Markov chain, as follows:
n c X denotes the node n remaining in the community c at time c t . In the model, n ij  is the transition probability of node n from community i to community j . Suppose each node can only be moved in a discrete time slot (the size of the time slot is neglected), and assume that the update is made in every discrete time slot when the nodes meet others. Eventually, every node will hold a matrix of transition probability, node n maintains a local database of all community travelling visits, the probability of node n can be estimated as follows,
where ij H denotes the number of visits from community i to community j , and i H is the total number of transitions from community i to elsewhere given a certain period of time. The consideration of how frequently the system in the node should reset the probability to maximise the performance with minimal switching cost is beyond the scope of this work. In our study, we assume that there is a common time (e.g., 00:00 every day or Sunday in each week) when all the nodes should reset and initialise the database for synchronisation.
Social profiles
In social routing protocols, the determination of the potential relay node is based on relationship (Costa et al., 2008) and proximity ). This is generally feasible, as users who have very similar interests and backgrounds meet others more often. By comparing their social profiles, it is possible to find out how similar two people are in their social relationships. To implement this idea, each mobile system needs to access the social profiles at the application layer for comparison purposes, to identify better the relay nodes that can carry the transmitted packet to the destination. Social profiles (e.g., residency, education and work) could be recorded on a device to enable a matching process design that identifies the more feasible relay nodes to carry the transmitted data to the destination node. To quantify the social profiles for analysis and implementation, let n R be a finite set of social meta information available in the mobile node n . We can assume that . When two mobile nodes meet with each other in the same community within their transmission range, the social profiles can be exchanged assuming the same system protocol has been agreed initially. Heuristically, the greedy approach is adopted by selecting the set of relay node candidates that maximises the matched profiles, as follows:
The message exchange of social profiles proceeds in the ad hoc mode when nodes encounter each other in the same community. The transmission cost (i.e., energy consumption and delay) is neglected in our study, but both the computational costs and the consideration of extra data collection, including the metadata of social profiles, will be investigated in a future study.
Problem formulation
In this study, we consider the three social properties of social relations, mobility patterns and social profiles in mobile opportunistic networking for designing a routing algorithm. Given a social graph G , the network graph
in which the node n belongs at time t , and the finite set of social profiles n R , our objective is to select a relay node that maximises the data delivery probability. In terms of the transmission delay, the data is delivered and bounded by the threshold known as the time-to-live timer TTL t to avoid the infinite looping of the data in the network. As this quality of service routing consists of three independent constraints, the time complexity of finding an optimal routing solution is NP-Complete (Li and Garcia-Luna-Aceves, 2007) . Therefore, we propose the distributed SROR algorithm to solve the routing issue heuristically in runtime. Our results prove the superior performance of our proposed algorithm compared with other benchmark methods (i.e., Social Pressure Method, Prophet, SimBet and Fresh), and validate it with experiments using ns-2 simulation.
The detailed design of SROR algorithm
In this section, the details of the SROR algorithm are presented and described. We then derive the analysis for the data delivery probability and the estimation of the algorithm in runtime.
Motivation of SROR
Our approach in the SROR protocol is to design a mobile system to execute three subroutines when making routing decisions by comparing the social properties among neighbours to compute the optimal relay node candidate. The three subroutines are
The rationale behind the SROR is that when a mobile node (source) attempts to send data, it will trigger the algorithm to scan for all possible relay node candidates that can forward the data to the destination node. Intuitively, nodes with similar social behavioural interests tend to encounter each other more often, with a higher probability than others who may have different social intentions. It is likely that nodes with static social relations (e.g., friends or parents) have interacted more frequently in the same community in the past, and it will certainly be likely that they will gather together again in the same community in the future. By finding these 'similar' nodes based on this social phenomenon, data can be delivered successfully through the store-carry-andforward relay approach, when no direct route can be found at the specific time. Suppose the mobile node intends to transmit delay-tolerant data. All of the nodes are within physical proximity of the wireless communication signal, which can be reached within a predictable region (e.g., school campus, disastrous rescue site), but the connection is not found as they are out of the wireless transmission range between the source and the destination node. Thus, we have designed the following SROR protocol based on these assumptions and intuitions (see Figure 2) . 
Main module of the SROR
In the main module of the SROR, as shown in Figure 2 , suppose that the source node n has data to be delivered to the destination node m . Initially, it is assumed that the social graph G is known to every node based on their previous social communication. Given the temporal-spatial social community  ) (t C that node n is connected at time t , social profiles R , neighbouring set C n L of node n and the Markovian transition matrix n  , the source node can run the SROR algorithm to find the optimal relay node. Between steps 2 and 10 are the three sub-modules of the algorithm: SPM, SCM, and SIM. Assume that an ACK message is a small-size control packet that can be received by the source hop-byhop. In step 10, the algorithm will be repeated if the ACK message is not received or TTL (Time-to-Live) is below zero.
These three sub-modules are triggered and executed sequentially. Algorithmically, after the SPM module has completed its run in step 3, a set of potential delay nodes is returned according to their priority ranking. As not all these relay nodes are current neighbours of node n , the algorithm first chooses the candidate with the highest rank, which is also a current neighbour of node n while in the SIM module (indicated in step 7). In the SIM module, the neighbour that has the highest joint transition probability that the relay node n will meet node m in the next transition is selected and returned to the main module. At the end of SROR, node n sends the data to node n , which halts the algorithm. If required, node n generates another thread for sending the next data to the same or a new destination node. The details of these three sub-modules are explained below.
Social profile matching (SPM)
In the SPM module shown in Figure 3 , the objective is to search for all intermediate nodes with the maximal commonality of social profiles traced back from the destination node to the source node. The module runs repeatedly until a set of forwarding node candidates is generated. In step 3, it checks if the recursive finding process reaches the source node. The process continues until all the nodes in the community  ) (t C have been evaluated and concatenated with the set node relay _ _ orderly. At the termination of this module, the set node relay _ _ will contain a set of nodes ranked with orders, which will be returned to the main module for further processing. 
Social connectivity matching (SCM)
In the SCM module shown in Figure 4 the main objective is to compare the generated forwarding (relay node) set  from previous SPM, and reject those that are not the neighbours of the source node. Thus, those who are not reachable through the wireless connection within the transmission range of the source node n or are not in the same community as node n should not be considered as forwarding node candidates. This module ensures that the connectivity is simply available at the time of routing the data to the destination, even though this is a disconnected delay-tolerant scenario. The connectivity with the first hop of neighbourhood is required. 
Social interaction matching (SIM)
In the SIM module shown in Figure 5 , the main objective is to predict the relay node , n which has the highest probability of encountering the destination node m in the same community in the next transition. This encounter may occur for several reasons, such as meeting an acquaintance or by chance in a departmental meeting. By searching and considering the node n in  who has the highest probability to meet with the destination node m in the same community, then n will be selected as the optimal relay node to help deliver the data from source node n . This search relies on the transition matrix, which records the historical events of how each node has previously visited each community. arg max
Packet delivery probability
The packet delivery probability is used as the performance metric for the SROR algorithm, and it will be derived in this section. Each data is assumed to have a time-tolive counter TTL t . Suppose that the delay of delivering the data from the expected transmitting time until it arrives to the destination is a t . Note that if a TTL t t  , the data will not be able to be delivered to the destination node before the expiry time, so it will be dropped before successful delivery. Suppose that the packet delivery probability is denoted as delivery P . The probability of packet dropping is indicated as } { a TLL t t P  .
Assume that the buffer overflow probability is insignificant and can be ignored, as the internal storage of current mobile devices is usually sufficient. Therefore, the packet delivery probability can be derived as follows:
Note that data being dropped by mobile devices occurs when the time taken for the relay node n to encounter the destination node m is longer than the time left in the counter. Let random variable  be the inter-meeting time of the first relay node n and the destination node m , and t be the time duration between the current time and the first relay node n receiving the source data. As the packet dropping event happens when
in the independent event, the upper bound can be estimated by the Markov's Inequality:
where
can be estimated in a realistic system by the mean value of all historical intermeeting times in the runtime environment. Estimating this loose upper bound of dropping probability helps design an enhanced performance metric to select a feasible TLL t as the optimal system parameter for our SROR. By estimating the delay for the selected relay node to deliver the data packet, the performance is expected to be further improved. Based on the Chernoff Bounds, the moment generating function,
, can be used for estimating the upper bound of the probability of packet dropping in the network as follows: 
Thus, the upper bound can be easily estimated statistically in the runtime environment by the system. In our future work we will consider the packet dropping probability bound in the system parameter as one metric for relay node selection in the algorithm with experimental results.
Performance evaluation and discussion
In this section, we describe the simulation setup and the parameters of the experiment, and discuss the results.
Simulation setup
Our simulation is set up using an ns-2 simulator to compare the performance of the SROR algorithm. We use the traces of real mobile devices from the MIT Reality Dataset (Bulut and Szymanski, 2012) . The dataset is in the CRAWDAD archive research resource, and consists of the traces of 97 Nokia 6600 smart phones. Students and staff at MIT carried the mobile phones on a daily basis, and were monitored for nine months to capture their movements, data exchange and contact with others. The contacts among users were mainly recorded using Bluetooth (Li et al., 2012) for data communication. We set the simulation to run for 1000 s in each cycle before transition occurred among nodes. All packets are assigned with 1  TTL t day as the delay-tolerant service availability.
The default parameters used in our simulation follow similar settings to those in a previous work (Bulut and Szymanski, 2012) . In a real system, parameters such as transmission range and power can be varied to cover a larger area. Hence, we have chosen the same setting proposed by Bulut and Szymanski (2012) for our experiment. We run each simulation 50 times with different seeds, and calculate the average values to be the performance results. To extend the experiment on routing efficiency, given the dynamic social environment such as the change of community and social profile size, we further create our own simulated traces by setting up a 1000 m × 1000 m square school campus. We simulate | ) ( | t C randomly located non-overlapping community regions with a size of 100 m × 100 m, i.e., a classroom. We randomly place 100 people, who carry the mobile devices, and allocate them randomly to each community. Other simulation parameters are listed in Table 1 . In our simulations we compare the performance of the SROR protocol with four other benchmark algorithms: Prophet, SimBet, Fresh and the Social Pressure Method algorithm, as mentioned previously. We use the following evaluation metrics: the packet delivery probability, the average cost and the routing efficiency. By definition, the packet delivery probability denotes the proportion of all data packets that are successfully carried to their destinations. The average cost is estimated by the average number of forwarding per each community visit executed during the simulation, and is measured by the average number of forwarding per packet executed during the simulation. The routing efficiency is computed based on the ratio of the delivery probability to the average cost (Bulut and Szymanski, 2012) . The contact history of the mobile devices is stored in each device at the initial stage, and is assumed to be accumulated throughout the simulation. In the real world, the data management policy can be defined by each mobile user, e.g., the contact history expires in 24 hours to avoid the counter-cost on the buffering storage.
Note that the efficiency of data management and estimation of storage counter-cost are out of the scope of this study. Figure 6 illustrates the performance of the benchmark algorithms compared to our SROR in terms of the packet delivery probability. Over time, the delivery probability (or ratio in %) of SROR outperforms all other algorithms, given the different number of days in the relay, although it is nearly the same over a short period of time. Our SROR thus has a long-lasting impact on delivery when considering social relations, which serve as a more static decision criterion. The average cost evaluation shown in Figure 7 demonstrates that the SROR is always at the minimum over time, fluctuating between 0.75 and 1.1. Although Fresh maintains a good delivery probability, the average cost per packet is nearly the highest of all of the algorithms. Thus, the efficiency of our SROR, as illustrated in Figure 8 , is optimal compared with all other algorithms, where the efficiency improvement is 245%, 310% and 80% compared to Fresh, Prophet, and SimBet, respectively. Based on the experiment results, the average delay that our SROR can achieve is 80% of packet delivery over the approximate simulated period, which clearly outperforms all similar benchmark algorithms. According to our results, the routing strategy can be enhanced pragmatically when more social behavioural information about mobile users is available to each mobile node. As stated previously, the rationale behind this algorithm is to search for a potential relay node that is likely to meet with the destination node in the same community sometime soon. Hence, these simulation results verify the validity of the SROR algorithm outperforming the others with similar environment setting.
Cost efficiency evaluation

Dynamic environment evaluation
To extend the performance evaluation, we conduct further experiments by tuning the different parameters and evaluating the adaptability under different cases. We first investigate the variation of the packet delivery probability with respect to the number of communities. Assume the number of total profiles and the number of profiles of the destination node are both static. The number of communities ranges between 3 and 20 in our case. Figure 9 shows that our SROR algorithm outperforms the others. The performance gap between these protocols is larger in terms of delivery probability when the number of communities is smaller. The SROR considers both the social relationship among nodes and the probability of a previous meeting among nodes, which increases the packet delivery probability. The packet delivery probability decreases when the number of communities increases because the mobility and social patterns also increase with more places for the mobile to travel, which degrades the overall performance. Figure 10, however, shows that our SROR algorithm performs better than the Social Pressure Method when the number of social profiles available to each mobile user is increased. The number of social profile nodes provides the algorithm with more information during the comparative process. The other benchmark algorithms do not use the social profiles as the designing metric; it is therefore not feasible to evaluate the change of profile sizes with respect to the packet delivery probability. Figure 11 shows the number of relay nodes chosen after each algorithm is performed, which reflects the efficiency of the algorithm by routing the data with a lesser hop. The reduction ratio of SPM is sharper than our SROR (SCM module). SPM eliminates about 50% of the forwarding set while SCM deletes about 30% of the nodes only in the forwarding set. Figure 12 shows the runtime distribution of the packet delivery probability, where approximately 50% of the experimental cases perform well with a probability greater than 0.3. These cases even achieve over 0.5 in the packet delivery probability. Most of the simulation cases have a probability of between 0 and 0.5 of finding the successful relay node to forward the data to. Only 10% of the cases fail to find the successful relay node. This result demonstrates that our algorithm performs well with a higher delivery rate in these given scenarios. In our future work, we will develop a real testbed where mobile devices can install routing protocols on a university campus to obtain more realistic results for further investigation. 
Discussion of the potential impact for context-aware ubiquitous learning
Despite the technical focus of this study, the development of social-aware technology has the potential to directly affect context-aware ubiquitous learning. Hwang et al. (2008) , define this as a learning approach that combines mobile, wireless communication and sensing technologies to enable users to engage in a learning environment with real-world and digital-world objects. Previous research has identified the importance and necessity for learners to be engaged in a real-world learning scenario (Hung et al., 2013; Hwang, 2014) , and many studies have discussed the possibilities of designing context-aware ubiquitous learning environments. Students can then assess real-world problems and acquire new knowledge in the environment with the help of wireless communication between learners and devices (Chu et al., 2010; Joiner et al., 2006; Rogers et al., 2005; Hwang et al., 2012) . Lai and Hwang (2015) studied how high school teachers use different mobile learning strategies in science courses using a blended mobile learning model. One of the strategies was contextual mobile learning, where students could learn in the real world when visiting a specific location, and use extra information from peers or instructors. For example, archaeology students could use their mobile devices to analyse historical buildings at a large site. The mobile system can communicate with onsite sensors and retrieve essential information, alerting the students when they are nearby so they can capture data. Hwang et al. (2008) proposed twelve models for conducting context-aware ubiquitous learning activities: device, or on extra log data captured concerning social behaviour, we can even analyse the level of cooperation in solving real-world problems at a real site.
Without going beyond the scope of this study, our proposed social-aware technology with a new routing protocol has a potential impact on future ubiquitous learning in general. Technological innovation can potentially change education and create a paradigm shift in learning design. As Liu et al. (2016) suggest, technological innovation often changes pedagogical design and how learning activities are developed, and can break institutional spatial or temporal boundaries, generate productive resources and broaden representational modes (Cope and Kalantzis, 2010) . The effect of context-aware ubiquitous learning implicitly depends on the advancement of ubiquitous technology. Even if learning is designed with consideration of contextual awareness, without the development of context-aware wireless technology it is simply a fantasy. Further collaborations between computer science researchers and educational researchers and school teachers are therefore worthwhile to design ubiquitous technologies to facilitate smart learning environments and to inform the pedagogical needs of school teachers in adopting these technologies in the future (Hwang, 2014; Wong, 2016) .
Conclusion
The emerging technology of mobile opportunistic networks has become more interesting in terms of real-world applications with the latest advancements in wireless communication. In this study, we report our Social Relation Opportunistic Routing (SROR) distributed protocol to solve the disconnected delay tolerant routing issue, which is still an on-going research challenge. Evaluation using an ns-2 simulator confirms the higher level of performance of the SROR algorithm than the benchmark algorithms in terms of packet delivery probability, average cost and routing efficiency. The results validate the applicability of our proposed scheme in opportunistic networks. Other results also prove that the SROR performs well with dynamic changes of environment.
In future works it will be essential to consider all possible realistic social properties or characteristics (e.g., selfishness, computational cost in updating the properties, breaking up of social relations) (Cao and Sun, 2013; Zhu et al., 2013) and all other environmental and technical factors (e.g., energy consumption, security) . In addition, we are currently setting up a new testbed on campus for mobile users to obtain a large set of mobile traces for further experimentation. More research is still required to study the validity and importance of this cross-disciplinary social-based routing problem. This study lays the foundations for further social routing research and can be applied to context-aware ubiquitous learning and other potential areas.
